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Study  region:  Hydrological  observation  networks  in  the West  African  region  are  not  dense
and reliable.  Furthermore,  the  few  available  discharge  data  often  present  signiﬁcant  gaps.
The Volta  basin,  the  second  largest  transboundary  basin  in  the  region,  is a typical  example
of  a basin  with  inadequate  hydrological  networks.
Study focus:  In this  study,  a prediction  approach  to  determine  monthly  discharge  in
ungauged  watersheds  is developed.  The  approach  is based  on  the  calibration  of two  con-
ceptual  models  for gauged  watersheds  and an estimation  of  models’  parameters  from  the
physical and  climatic  characteristics  of  the  watersheds.  The  models’  parameters  were  deter-
mined  for  each  ungauged  watershed  through  two  different  methods:  the  multiple  linear
regressions  and  the  kriging  method.  The  two  methods  were  ﬁrst validated  on  ﬁve  gauged
watersheds  and  then  applied  to the  three  ungauged  watersheds.
New  hydrological  insights  for the  region:  The  application  of the  two  hydrological  models  on
the  eight  watersheds  helped  to produce  relevant  monthly  runoff  and to establish  the  annual
hydrological  balances  from  1970  to 2000  for  both  gauged  and  ungauged  watersheds.  The
developed  method  in this  study  could  therefore  help estimate  runoff  time  series,  which  are
of crucial  importance  when  it comes  to design  hydraulic  structures  such  as small  reservoirs.
©  2015  The  Authors.  Published  by  Elsevier  B.V.  This  is an  open  access  article  under  the  CC
BY-NC-ND  license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction
Water resources management under continuous drought conditions (Karambiri et al., 2011; Le Barbé et al., 2002;
Nicholson, 1981) in West Africa requires a reliable assessment of water availability (Acreman and Hollis, 1996; Leemhuis
et al., 2009; Taylor et al., 2006). The assessments of water resources are performed through observations of hydrological
processes (runoff, surface water, groundwater levels, and evapotranspiration) and hydrological modeling. However, the
current hydrological network of the region is limited to a few stations representing large areas of thousands square kilome-
ters (Schuol et al., 2008). Most of the stations of the national hydrological networks are installed at outlets of large basins.
Hence, many small watersheds of less than one thousand square kilometers are not monitored. This lack of discharge data
for most of the watersheds makes the assessment of water resources availability a difﬁcult task for many areas in the region
(Amisigo et al., 2008; Gyau-Boakye and Schultz, 1994; Taylor et al., 2006). However, with the development of the computing
∗ Corresponding author.
http://dx.doi.org/10.1016/j.ejrh.2015.07.007
2214-5818/© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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rig. 1. Geographic position of the Volta basin in West Africa.
he isohyets represent the mean annual rainfall in mm/y  for 1961–1990 from CRU data.
ools, the assessment of water resources with limited data could be addressed through hydrological modeling (Amisigo
t al., 2008; Hongxia et al., 2009; Oudin et al., 2008; Schuol and Abbaspour, 2007). For many basins, hydrological models are
mplemented with conceptual climate/or physical parameters in order to reproduce the hydrological response of the basin
ased on water budget simulations (Parajka et al., 2013). Several methods have been developed for hydrological predictions
n ungauged watersheds (Kim and Kaluarachchi, 2008). Typically, the predictions with hydrological models for ungauged
atersheds are based on the determination of the conceptual parameters through regionalization approaches (Parajka et al.,
013). The regionalization approaches consist on transferring models’ parameters from monitored watersheds to ungauged
asins based on watersheds’ physical (area, slope, land cover, etc.) and climatic (rainfall, potential evapotranspiration) char-
cteristics. Oudin et al. (2008) made an assessment of three regionalization approaches (the regression-based approach, an
pproach based on physical similarity and the spatial proximity approach) for runoff prediction on ungauged watersheds
sing two conceptual hydrological models (GR4J and TOPMO) and 913 gauged watersheds in France. Hongxia et al. (2009)
ade also some predictions of runoff for 210 catchments in the south-east Australia from a set of three hydrological mod-
ls. These studies have helped to determine relevant models parameters from two different regionalization methods: the
patial proximity method and the physical similarity method. On the other hand, Amisigo et al. (2008) made some monthly
redictions of runoff for twelve Volta sub-basins (area ranging from 3000 to 134,000 km2) with a NARMAX (non-linear auto
egressive moving average with exogenous input) model. Many regionalization approaches for hydrological predictions
n ungauged watersheds have been developed. However, Kim and Kaluarachchi (2008) concluded from an assessment of
egionalization methods for six parameters of different models that the relevance of the predictions depends more on the
ydrological model structure.
In this study, we used two different hydrological models, GR2 M (Mouelhi et al., 2006) and the water balance model
WatBal) developed by Yates (1997), to predict the three components of the hydrological balance (runoff, evapotranspiration
nd groundwater recharge) for three ungauged watersheds located in the Sudanian climate zone of the Volta basin in West
frica. The ﬁve gauged watersheds selected in the Volta basins around the three ungauged watersheds are considered as the
eference watersheds.
. Study area and datasets
The Volta basin is the second largest basin in West Africa with an area of about 400,000 km2 (Taylor et al., 2006). It is a
rans-boundary basin that crosses six countries: Benin, Burkina Faso, Ghana, Cote d’Ivoire, Mali and Togo (Fig. 1). The basin
xtends from the Sahelian zone (annual rainfall amount lower than 600 mm/y) in the North to the Guinean zone (annual
ainfall amount higher than 1200 mm/y) in the south where the river drains into the Atlantic Ocean (Fig. 1).
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Table  1
Physical characteristics of the watersheds.
Watersheds Country Catchment area (km2) Perimeter (km) Mean slop (%) Mean WHC  (mm) Rainfall (mm/y) ETP (mm/y)
Diebougou Burkina Faso 12522 552 0.2 132 993 1742
Nasia  Ghana 4744 585 0.45 210 1061 1461
Nabogo Ghana 2131 393 0.32 184 981 1455
Nangodi Ghana 10964 1250 0.1 91 927 1747
Tiele  Benin 830 222 1 117 1053 1515
Dano  Burkina Faso 583 202 0.5 127 910 1747
Vea  Ghana 305 125 0.4 132 972 1455
Dassari Benin 192 112 0.3 134 1000 1552
In bold: the reference watersheds. Rainfall and ETP are the mean value for 1970–2000 period from the CRU data.
The three ungauged watersheds and the ﬁve reference watersheds (Fig. 1) are located in the Sudanian climate zone
with mean annual rainfall amount between 900 mm and 1200 mm.  The three ungauged watersheds were selected with
regard to the intense hydrological observations undertaken by WASCAL (West African Science Service Center on Climate
Change and Adapted Land Use) since 2012. All the eight watersheds (reference and ungauged) were delineated from the
ASTER 30 m digital elevation model (available from http://gdem.ersdac.jspacesystems.or.jp/). The mean soil water holding
capacity (WHC) of the watersheds were determined from the WHC  map  (Dieulin, 2005). The WHC  is a physical characteristic
considered as the capacity of the soil reservoir of the watershed.
The reference watersheds were selected based on the availability of discharge data (Table 1) at the gauging stations in
the Sudanian climate zone of the Volta basin. From a set of more than ten stations, only the ﬁve stations which present
more than ten years of data have been selected for this study (Table 1). However, most of the selected time series present
some gaps larger than one year. The Nangodi station presents the shortest data set (period from 1960 to 1972) and the Tiele
gauging station presents the most complete dataset (period from 1962 to 2008) with only one month missing (September
1992). For the other three stations, discharge data are available for 1963–1987 period, 1968–2006 period, 1962–1990 period,
respectively, for Diebougou, Nasia and Nabogo.
For the climate data, we used the monthly gridded climate data (potential evapotranspiration and precipitation) from the
CRU TS 3.1 dataset (Harris et al., 2013). The CRU data have already been used in many studies on climate and hydrological
modeling in the region (Paturel et al., 2010, 1995; Schuol and Abbaspour, 2007). In addition to the physical characteristics
of the watersheds, two main climate characteristics (Table 1) are considered: the annual rainfall and the annual potential
evapotranspiration.
3. Methodology
The hydrological modeling in this study is performed with two lumped models: GR2M and WatBal model, on monthly time
steps. Both models are conceptual models with parameters to be determined through a calibration procedure. The models
were implemented on the ﬁve reference watersheds with two input data (monthly precipitation and monthly potential
evapotranspiration) and calibrated against observed discharge.
3.1. Characteristics of the hydrological models
3.1.1. GR2M model
The structure of the GR2M model presented by Mouelhi et al. (2006) is based on two  reservoirs and two calibration
parameters:
• The soil quadratic reservoir which deﬁnes the production function with a maximal capacity X1;
• The gravity reservoir deﬁnes the transfer function with the second parameter X2. This parameter determines the runoff at
the outlet and the exchange of water between the surface and the underground processes.
GR2M model uses monthly rainfall and monthly potential evapotranspiration as input and produces as output (Eq. (1)):
the total runoff (Q), the actual evapotranspiration (E), the external exchange with the groundwater (F) and the change in soil
water content (S). However, as proposed by Ibrahim (2012), the external exchange component F presented by Mouelhi
et al. (2006) represents in this study the total groundwater recharge of the watershed. Thus, the model simulates a complete
hydrological balance with:P = Q + E + F + S  (1)
All components are expressed in mm/y.
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.1.2. The water balance model (WatBal)
The empirical monthly water balance model (WatBal model) developed by Yates (1996), is based on the mass balance
quation with only one reservoir. The water balance component of the model depends on ﬁve components related to: (1)
irect runoff (Rd); (2) surface runoff (Rs); (3) sub-surface runoff (Rss); (4) maximum catchment water-holding capacity; and
5) base ﬂow (Rb). The model has three parameters: the maximum soil water capacity of the watershed, Smax (between
00 and 2400 mm),  an off-load coefﬁcient related to the soil water storage  ˛ (between 0.2 and 8 mm/d); and a coefﬁcient
 (between 1 and 5) that determines the inﬂuence of the soil water content on runoff. In this study, the WatBal model
as implemented ﬁrst from the standard parameters empirically deﬁned for each climate-vegetation zone (Yates, 1997)
sing the Holdridge (1947) bioclimatic classiﬁcation that is based on mean annual precipitation and temperature (taken
rom the CRU TS dataset). Holdridge (1947) classiﬁcation scheme assumes that bioclimatic regions can adequately deﬁne
he model parameter values for each grid (0.5◦ lat × 0.5◦ long). The scheme combines vegetation distribution with climate
ariables: mean annual precipitation and mean annual temperature. The Sudanian zone of West Africa corresponds to
he tropical/sub-tropical dry forest and savannah class for which the parameters were set to:  ˛ = 0.4 mm/d,  = 3.5 and
max = 1600 mm.  However, in this study, we consider Smax as a conceptual parameter to be determined for each watershed
hrough the calibration process. The water balance equation of the model is given by:
S = P − Q − E (2)
he terms are the same as in Eq (1).
with Q = Rd + Rs + Rss + Rb
Even though the two hydrological models require the same input data (monthly rainfall and monthly potential evapotran-
piration), they have structural differences. The GR2M model is built around two reservoirs and the WatBal model around
ne reservoir. Due to its single reservoir structure, the WatBal model is not able to quantify the groundwater component
hich is accounted for GR2M model (Eq. (1)).
.2. Calibration of the hydrological models
The two hydrological models are calibrated and validated for the reference watersheds with regard to: the Nash efﬁciency
riteria NSE (Nash and Sutcliffe, 1970), the percentage bias PBIAS (Moriasi et al., 2007) and the absolute bias percentage
APBIAS).
NSE = 100
[
1 −
∑
i
(
Qobs
i
− Q sim
i
)2
∑
i
(
Qobs
i
− Qm
)2
]
(3)
and
PBIAS = 100
[∑
i
(
Qobs
i
− Q sim
i
)
∑
iQ
obs
i
]
(4)
With Qobs
i
bserved discharge for the month i, Q sim
i
mulated discharge for the month i and Qm mean observed discharge
or the given period.
With the two criteria, the model outputs are judged satisfactory when the NSE is higher than 60% and the PBIAS is in
he interval from −25% to +25% over both calibration and validation periods (Moriasi et al., 2007). As, the two  models were
eveloped with Excel sheet, the Excel solver was used to maximize or minimize the efﬁciency criteria.
A preliminary analysis done in this study showed that the maximum monthly runoff which represents the most important
ontribution (>45%) to the annual runoff amount is signiﬁcantly underestimated in simulations from calibrations based on
SE and on PBIAS. Thus, the two efﬁciency criteria which are based on the mean bias of the monthly runoff time series do
ot capture the biases in the maximum monthly runoff. Indeed, a sum of negative and positive values could produce zero,
he optimal value for PBIAS despite the signiﬁcant deviations for some monthly values. Therefore, in addition to the two
riteria, the absolute percent bias (APBIAS) is deﬁned from an improvement of the PBIAS:
APBIAS = 100
[∑
iabs
(
Qobs
i
− Q sim
i
)
∑
iQ
obs
i
]
(5)
s for PBIAS, the optimal value of APBIAS for the calibration should be closed to zero (<50%).
The model’s performance is assessed from the monthly runoffs over two  different periods (calibration and validation
eriods) of more than ﬁve years. Calibration and validation based on the three criteria consist in the determination of
odel’s parameters which produce runoff simulations at a satisfactory level (simulations close to the observations) for each
riterion.
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3.3. Prediction of the hydrological model parameters
The hydrological models’ parameters are estimated for the gauged watersheds through the calibration and validation of
each hydrological model. But, for the ungauged watersheds, two  regionalization procedures are used to estimate the models’
parameters: ﬁrstly from the characteristics of the watersheds (linear multiple regression method) and secondly from the
coordinate of the watersheds’ barycenter or the center of mass (kriging method). For the linear multiple regression method,
the parameters were estimated independently from each other.
The prediction of the hydrological components for the ungauged watersheds is performed in ﬁve steps:
1) The two hydrological models are calibrated and validated for the ﬁve reference watersheds. The calibration process
generates a set of ﬁve different values (one value per watershed) for each parameter of the models;
2) The multiple linear regression model (Eq. 6) of the given parameter is established from the physical and climatic char-
acteristics of four watersheds considered as donor watersheds. The remaining watershed is considered as the target
watershed used to validate the regression model. The multiple linear regression model is deﬁned as: y = Cte +
n∑
i=1
aixi(6)
with Cte a constant, ai coefﬁcient of variable xi (a characteristic of the watershed presented in Table 1), n the number of
the donor watersheds (4 in this study), and y represents the given parameter to be predicted: X1, X2 or Smax; the variables
of the regression models are selected with the statistical technique of stepwise regression procedure (Bendel and Aﬁﬁ,
1977). This procedure selects pertinent variables that are pairwise independent. The regression model is elaborated from
the pertinent variables, the corresponding coefﬁcients and the constant Cte.
3) The regression model elaborated above for a given model’s parameter (GR2M or WatBal model) is used to predict parame-
ters for both target watershed and donor watersheds. The regression model is then validated from a comparison between
the predicted parameter for the ﬁve watersheds and the parameter determined during the hydrological model calibration
(step 1). The regression model is relevant when the returned variance from the regression model, R-squared, is higher
than 90% and there is no signiﬁcant difference (mean deviation lower than 5%) between the predicted parameter and the
parameter determined at the ﬁrst step. This method is called as leave-one-out strategy (Parajka et al., 2013).
4) The validated linear regression model determined from the donor watersheds is then used for the three ungauged
watersheds to determine their corresponding parameters;
5) The last prediction of the hydrological models’ parameters for the ungauged watersheds is made by using all the ﬁve
reference watersheds as donor watersheds.
Altogether, by changing the target watershed (step 2) over the ﬁve watersheds, ﬁve different predictions could be per-
formed for each ungauged watersheds. Thus, in addition to the last prediction (step 5), a set of six predictions is made with
each hydrological model for each ungauged watershed.
The second approach, the kriging method (spatial interpolation) is performed from point data (x, y, z). The parameter (z)
is spatially interpolated from the coordinates of each point (x, y). In this study, the kriging is done from the coordinates of the
barycenters of the watersheds with a linear variogram. For each hydrological model’s parameter, an interpolated grid over
the whole study area (the ﬁve reference watersheds and the three ungauged watersheds) is generated the leave-one-out
strategy of the ﬁve parameters (reference watersheds). Then, the predicted hydrological models’ parameters are extracted
from the grids based on the coordinates of the barycenter of each watershed.
4. Results
4.1. Implementation of the hydrological models on reference watersheds
The calibration and validation periods of the hydrological models depend on the data availability for each gauged water-
shed. However, all the periods are determined during the main period of 1960–2006. The two hydrological models are
calibrated and validated with regard to the optimum values of the three efﬁciency criteria (NSE, PBIAS and APBIAS). We
illustrate the details of the calibration–validation process only for the Tiele watershed. The two models are implemented in
the same way for the other four watersheds.
4.1.1. Models calibration and validation for the Tiele watershed
The ﬁrst hydrological model, GR2M, was ﬁrst calibrated for Tiele watershed. The calibration process has started by shifting
selection by one year time step of a ten years window from 1964 to 2006. The ﬁrst segment is the 1964–1973 period, the
second segment is the 1965–1974 period and the last segment is the 1997–2006 period. We  also split the main period of
observations from 1964 to 2006 into two segments: 1964–1984 period and 1985–2006 period. This subdivision in segment
of periods aims at identifying the segment of period which presents the highest NSE. The assessment overall the segments
shows that the highest Nash efﬁciency criterion (NSE) of 81% is obtained on the segment from 1964 to 1973. The second
NSE of 80% is obtained with the half period segment of 1964–1984. Thus, with regard to the length of the segments and the
slight change of NSE between the two segments (1964–1973 and 1964–1984), the calibration period is taken from 1964 to
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Table  2
Optimal parameters for the Tiele watershed with each criterion of efﬁciency.
NSE PBIAS APBIAS
X1 (mm)  1043 1042 595
X2 0.8440 0.6309 0.5863
Fig. 2. Sensitivity of the NSE to X1 and X2 change for Tiele watershed during the calibration and the validation periods.
The  Ln(X1) is used in order to simplify the format of the x-axis.
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he  Ln(X1) is used in order to simplify the format of the x-axis.
984. The NSE for the corresponding validation period (from 1985 to 2006) is about 72%. However, the PBIAS is −42% for
he calibration period (1964–1984) and −38% for the validation period (1985–2006). These levels of PBIAS are outside of the
ptimal range of −25% to +25% (Section 3.2). An improvement of the PBIAS is obtained when the model is calibrated over
he 1964–1984 period based on this criterion. The PBIAS is, respectively, 0% and +4% for the calibration period (1964–1984)
nd for the validation period (1985–2006). The corresponding NSEs with the new parameters are 66% for the calibration
eriod and 62% for the validation period. Thus, even if the NSEs are at satisfactory level from the calibration based on PBIAS,
he shift in NSE from the previous values is very signiﬁcant (from 80% to 66%). In addition, an analysis of the deviation in the
imulated maximum monthly runoff for 1964–2006 period shows signiﬁcant biases (underestimation maximum monthly
unoff by more than 10%). The PBIAS of the simulated maximum runoff is −27% with the model calibration based on the NSE
nd −47% with the model calibration based on the PBIAS.
However, the performance of the model is signiﬁcantly improved from the calibration based on the third criterion
APBIAS). In comparison to the calibration based on the PBIAS, here the NSE has increased (from 66% to 70%). Also, the
iases in the maximum monthly runoff have decreased by 11% with PBIAS (PBIAS from −47% to −36%).
Furthermore, even if the results from the calibration with APBIAS reached the satisfactory levels of NSE and PBIAS, an
mprovement of the simulated maximum runoff can be obtained through an iterative assessment of the two parameters X1
nd X2. The iterative assessment from the two parameters is made by performing several simulations with X1 and X2 varying
imultaneously in their optimal range. The optimal ranges of the two parameters determined through the three criteria of
fﬁciency are presented in Table 2: X1 varies from 595 mm to 1043 mm,  and X2 varies from 0.5863 to 0.844. Thus, the optimal
arameters with regard to the three criteria could be identiﬁed within these intervals.
Figs. 2–4 present the variation of each efﬁciency criterion when X1 and X2 vary within these ranges. The iterative assess-
ents were madefrom a set of 24 points of simulations. The three ﬁgures (Fig. 2–4) show that the extension of the area of
epresentative simulations depends on the criteria. Fig. 2a shows that NSE is at a satisfactory level for the entire range of X1
nd X2. This criterion (NSE) is very sensitive to the change in X2 when the soil maximum capacity X1 is situated betwenn
90 mm and 1043 mm.  However, for the validation period (Fig. 2b), satisfactory NSE are obtained when X1 is higher than
65 mm and X2 higher than 0.62. Altogether, the NSE is higher than 65% for both calibration and validation periods for X1
igher than 820 mm and X2 higher than 0.65. These results are very different from the results obtained when calibrating for
ptimal values is based on PBIAS (Fig. 3). Fig. 3 shows that the PBIAS is very sensitive to the change in X2 and not sensitive
o the change in X1 from X1 = 850 mm.  The satisfactory results with PBIAS for both periods, calibration and validation, are
btained for X2 lower than 0.76 without any regard to X1. For the APBIAS, Fig. 4 shows that APBIAS is higher than 35% for
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Fig. 4. Sensitivity of the APBIAS to X1 and X2 change for Tiele watershed during the calibration and the validation periods.
The  Ln(X1) is used in order to simplify the format of the x-axis.
Table 3
GR2 M performance for Tiele watershed with the optimal parameters.
Calibration period Validation period Maximum Runoff
NSE 78 71 x
PBIAS  −17 −14 24
APBIAS 45 43 31
Values are in percentage (%). Maximum runoff represents the monthly maximum runoff.
Table 4
WatBal model performance for Tiele watershed with the classic Smax and the optimal Smax for NSE.
Calibration Validation Maximum runoff
Classic Smax Optimal Smax Classic Smax Optimal Smax Classic Smax Optimal Smax
NSE 64 85 55 73 x x
PBIAS  30 −1 37 6 55 18
APBIAS  65 42 66 52 55 39
Values are in percentage (%). x not computed. Maximum runoff represents the monthly maximum runoff.
The classic Smax = 1600 mm is the parameters presented by Yates, 1997).
Table 5
Optimal models’ parameters for the ﬁve watersheds.
Watersheds X1 (mm)  X2 Smax (mm)
Diebougou 1480 0.63 1500
Nasia 885 0.8 760
Nabogo 738 0.82 650
Nangodi 900 0.55 1300
Tiele 788 0.71 885
the calibration period for all the alternatives. The lowest values of APBIAS (<30%) are obtained only for the validation period.
Thus, for both calibration and validation periods, satisfactory results with regard to APBIAS, are obtained for X2 ranging from
0.58 to 0.73 (Fig. 4). Thus, for the two criteria (PBIAS and APBIAS), the optimal parameter X2 is situated in the interval from
0.58 to 0.74 independently to X1. Based on these iterations of X2 within this interval, the optimal parameters retained for
Tiele watersheds are: X1 = 788 mm and X2 = 0.71. Table 3 presents the performance of GR2M with the two optimal values;
all the three coefﬁcients (NSE, PBIAS and APBIAS) are at the satisfactory level.
The second model (WatBal model) was implemented for the same calibration (1964–1984) and validation (1985–2006)
periods. The simulation results with the WatBal model (Table 4) are only satisfactory for NSE for the calibration period with
the classic Smax of 1600 mm.  However, they are not satisfactory with regard to PBIAS and APBIAS. As 1600 mm represents the
maximum soil reservoir capacity for the tropical/sub-tropical dry forest and savannah class (Section 3.1.2), optimal values
of Smax were found with the objective function and an iterative assessment. The ﬁrst suitable Smax is determined during the
calibration for the maximum NSE at the capacity of 885 mm.  On the other hand, with regard to the results obtained with
GR2M (Table 3), the WatBal model produces better results (Table 4) apart from APBIAS for the validation period (>50%).
An iterative assessment of the model performance for the validation period (1985–2006) is made with Smax varying from
700 mm to 1100 mm in order to improve the simulation with regard to the APBIAS. Overall the interval, the lowest value of
51% is obtained with Smax around 910 mm.  Thus, in comparison with the results obtained for the calibration based on the
NSE (Table 4), the maximum soil capacity of 885 mm  is suitable for the WatBal model for the Tiele watershed.4.1.2. Implementation of the two models for the reference watersheds
The calibration and validation methodology developed above for the Tiele watershed with the two  models was  applied
on the other four reference watersheds (details not shown). Table 5 presents all the optimal parameters for each model and
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Fig. 5. Comparison of the predicted GR2M parameters for the reference watersheds.
The whiskers represent the standard deviation of the six predicted values of the parameter. Predicted is the predicted mean value for the six prediction
and  the calibration represents the value obtained from the model calibration.
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he whiskers represent the standard deviation of the six predicted values. Predicted is the predicted mean value for the six prediction and the calibration
epresents the value obtained from the model calibration.
atershed. The maximum soil capacities Smax for all the simulations are lower than the value (1600 mm)  proposed by Yates
1997) based on bioclimatic regions.
.2. Prediction for the ungauged watersheds
The prediction of runoff for ungauged watersheds was  made from the estimation of model’s parameters for each water-
hed from the parameters determined above for the ﬁve reference watersheds. Thus, depending on the donor watersheds,
ix different regression models were made for each parameter. For all the ﬁve regression models of X1, the area is the only
haracteristic that was selected at each time. The other two characteristics (perimeter and WHC) were taken seldom as an
dditional variable to the area. However, for the six regression models of X2, the area and the WHC  are the only characteris-
ics selected for the regression by the stepwise procedure. These two  characteristics are also the main variables for the Smax
egression models. For all the linear regression models, only one regression model for X2 was elaborated with more than
wo characteristics: area, perimeter and mean WHC. Altogether, the 18 regression models (six regressions for each of the
hree parameters) are pertinent with a minimum returned variance or explained variance of 92%.
Furthermore, the predicted mean parameters of GR2M for the ﬁve reference watersheds are close to the parameters
btained from the calibration and validation of the model. Fig. 5 presents the amplitude of the predicted X1 and X2 for each
eference watershed. The deviations of the predicted mean value of X1 with regard to the optimal value from the calibration
aries from 2% for Nasia watershed to 7% for Tiele watershed. However, the deviations are lower than 3% for all the reference
atersheds for the mean predictions of X2. Also, the WatBal model parameter Smax (Fig. 6) presents low deviations (<5%)
or the predicted mean value for large watersheds. On the other hand, the kriging method applied in the same way (four
onor watersheds and one target watershed) produced parameters that are very close to what was  determined through the
alibration and validation process of the hydrological models.The simulations made with the predicted parameters for gauged watersheds (result not shown) are at a satisfactory
evel with regard to the efﬁciency coefﬁcients. Hence, we assumed the predicted parameters for the two  models to be
epresentative for the different reference watersheds. The three annual runoff data (observed, simulated and predicted)
ere compared for each reference watershed over the period from 1970 to 2000 (Fig. 7). All the ﬁve observed and simulated
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Fig. 7. Comparison of the three mean annual runoffs for the 1970–2000 period.
The whiskers represent the standard deviation of the twelve predictions (six with GR2M and six with WatBal model).
Table 6
Mean predicted hydrological models’ parameters for the ungauged watersheds and their uncertainties.
Watersheds Linear regressin models Kriging
X1 (mm)  X2 Smax (mm)  X1 (mm) X2 Smax (mm)
Dano 731 (8%) 0.729 (0.7%) 797 (3%) 791 0.613 1136
Vea  748 (9%) 0.740 (0.7%) 771 (3%) 846 0.693 985
Dassari  753 (8%) 0.745 (0.7%) 759 (4%) 799 0.6998 918
The value in bracket represents the standard deviation (in percentage of the mean value) between the six predictions.
mean annual runoffs for these watersheds are captured by the range of the twelve predictions (six predictions for each model).
For all the ﬁve watersheds, the two mean annual runoffs (simulated and predicted) are close to the observed average (Fig. 7).
The deviation between the observed and the predicted mean annual runoffs are less than 6%. Furthermore, the Wilcoxon
test (Ansari and Bradley, 1960) for the assessment of the statistical signiﬁcance of the deviation between the two time series
shows no signiﬁcance difference between the observations and the predictions at the 5% conﬁdence level. Thus, we  assumed
the predicted parameters to be representative for the hydrological functioning of the reference watersheds as well as the
parameters determined during the calibration of the models.
Altogether, the eighteen (18) multiple linear regression models developed above were used to predict the hydrological
parameters (X1, X2 and Smax) for the three ungauged watersheds. Table 6 summarizes the mean hydrological parameter
predicted for each ungauged watershed from the regression model and with the kriging method. The differences between
different parameters generated with the linear regression models for each ungauged watershed are very small. The standard
deviation within the six predictions of each parameter are very low (less than 10% of the average). Furthermore, the predicted
X1 and X2 from the kriging (Table 6) are within the range of the predictions made from the regression models. Only the Smax
predicted with the kriging is about 20% above the mean Smax generated from the regression models.
4.3. Assessment of the runoff uncertainties for the ungauged watersheds
A set of six simulations were performed with each hydrological model (GR2M and Yates) for each of the three ungauged
watersheds with parameters derived from a linear regression. The mean runoff for each watershed was  determined from
the twelve simulations (six sets of parameters for each model) during the 1970–2000 period. The predicted mean annual
runoff range for the two models is very small with a standard deviation of about 10% of the annual average. The conﬁdence
interval of the mean annual runoff for 1970–2000 period at a level of 95% is about 88 ± 4 mm/y  for Dano watershed, about
109 ± 6 mm/y  for Vea watershed and about 121 ± 6 mm/y  for Dassari watershed. Hence, the uncertainties around the mean
annual runoffs determined from the predictions are lower than 10% of the annual average. However, a signiﬁcant difference
appeared when comparing the annual runoffs predicted from the parameters derived from the kriging (Fig. 8). For Dano
watershed, the two hydrological models simulate low annual runoff amounts with these parameters. Also, WatBal model
simulates very low annual runoff amounts for the three watersheds with parameters from the kriging. However, for Vea
and Dassari watersheds, the predictions with these parameters (kriging) for GR2M are close to the predictions made with
parameters from the linear regression.
On the other hand, the mean evaporation and the mean groundwater recharge were determined only from the six
simulations of GR2M. The simulated hydrological balance for the three ungauged watersheds during the 1970–2000 period
is constituted in average of 11% of the runoff, 12% for ground water recharge and 77% for the total evapotranspiration
B. Ibrahim et al. / Journal of Hydrology: Regional Studies 4 (2015) 386–397 395
Fig. 8. Predicted mean annual runoff over 1970–2000 period from the two  hydrological models.
The  blue point represents the runoff coefﬁcient average for the 1970–2000 period. The whiskers represent the standard deviation of the twelve predictions
(six  with GR2M and six with the WatBal model).
Table 7
Mean hydrological components predicted by GR2M for the ungauged watersheds during the 1970–2000 period.
Watersheds Rainfall (mm/y) Runoff (mm/y) Evaporation (mm/y) Recharge (mm/y)
Dano 910 77 ( ± 16) 737 ( ± 10) 86 ( ± 11)
Vea  980 117 ( ± 32) 732 ( ± 9) 126 ( ± 27)
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he values in bracket represent the standard deviation in mm/y.
Table 7). The conﬁdence intervals’ length around the mean value of the two  additional components (evapotranspiration
nd groundwater recharge) simulated by GR2M are also lower than 6%. Altogether, the hydrological balances for the three
ngauged watersheds (Table 7) show that the evapotranspiration is the most important component with an uptake of more
han 75% of the annual rainfall.
. Summary and discussion
The two hydrological models (GR2M and WatBal model) show a reasonable performance in simulating the hydrological
alance for the ﬁve reference watersheds. An implementation of the two models for Tiele watershed reveals a great capability
f the two models to simulate the observed monthly runoff in the Sudanian zone. The use of the three efﬁciency coefﬁcients
NSE, PBIAS, APBIAS) for calibrating the hydrological model has led to determine representative parameters for the reference
atersheds and to simulate robust runoffs. Fig. 9 presents the annual runoff simulated by both models. The simulated annual
unoffs from the two models are very similar (deviation of 3% and a correlation coefﬁcient of 0.98). The two  models simulate
he same amount of runoff which represents about 14% of the annual rainfall amount over the Tiele watershed. Altogether,
he similarities between the two models and their good performance (NSE > 60% and PBIAS within −25% to +25%) for the
ve reference watersheds helped to establish representative annual hydrological balance for each watershed. The different
ydrological balances produced by the two models are close to what is already established for small Sudanian watersheds
Martin, 2006; Oguntunde, 2004; Sintondji et al., 2013): the annual rainfall amount is distributed into around 10% of runoff,
0% of groundwater recharge and 80% of evapotranspiration. Martin (2006) determined from a water budget modeling using
he WaSIM-ETH model for the Atankwidi catchment (a 275 km2 sub-catchment of the White Volta in northern Ghana with
n average annual rainfall of 990 mm for 1961–2001 period) that 11–20% of the annual rainfall are as surface runoff, 2–13% of
he annual rainfall goes to groundwater recharge, and 63–82% of the annual rainfall are lost through the evapotranspiration.
guntunde (2004) found an evaporation rate of about 85% of the annual rainfall amount for a savannah zone within the
olta basin (Southern Ghana) from a set of measurements and modeling. Hence, as in the semi-arid region (Sorman and
bdulrazzak, 1995), evapotranspiration also represents the main component of the hydrological balance in the Sudanian
one.
The high performance of the two hydrological models over the region helped to generate representative parameters of the
odels for each reference watershed. In addition, the limited number of parameters (one and two) of the two  hydrological
odels is a great advantage for a more accurate prediction of the parameters for ungauged watersheds (Xu and Singh,
998). The multiple linear regressions of the optimal parameters (determined during the calibration and validation process)
f the two models from the physical and climatic characteristics of the donor watersheds have produced representative
arameters. Six different linear regression models were elaborated for each hydrological model parameter (X1, X2 and Smax).
396 B. Ibrahim et al. / Journal of Hydrology: Regional Studies 4 (2015) 386–397Fig. 9. Simulated annual runoff by GR2M and by WatBal model for Tiele watershed.
The area and the WHC  were the main pertinent variables selected for the eighteen regression models. However, the negligible
contribution of three climate characteristics (rainfall, potential evapotranspiration) in the linear regression models may due
to the fact that all the watersheds belong to the same climate zone and are close to each other. Thus, the geographic proximity
of the eight watersheds would have reduced the uncertainties in the predictions of the models’ parameters.
The difference between the predicted parameters from the regionalisation methods and the optimal parameters derived
through the calibration and validation process is not signiﬁcant for the ﬁve reference watersheds. The two  regionalisation
method produced pertinent hydrological parameters for each reference watershed. The application of the linear regressions
on the three ungauged watersheds helped to generate a set of six predictions with each hydrological parameter (X1, X2 and
Smax). The six hydrological simulations were performed for each ungauged watershed and from each hydrological model
(GR2M and WatBal model). The predicted twelve mean annual hydrological components (runoff, groundwater recharge
and evapotranspiration) for the 1970–2000 period were very close on each ungauged watershed with a mean deviation
lower than 6% of the annual average. Furthermore, the predicted annual runoff with parameters from the kriging method
for Vea and Dassari watersheds and with GR2M remain very close to the mean annual runoff predicted with the same model
with parameters from the linear regression method. Also, the two last predictions with the two models and parameters
from the kriging method remain in the range of the predictions with parameters from the regression method. The standard
deviations within all the 14 predictions (12 from the regression method and 2 from the kriging method) for each ungauged
watershed are similar. Thus, predictions from the two different hydrological models and two regionalization methods instead
of widening the uncertainties in the simulated hydrological components have reinforced their representativeness for the
ungauged watersheds.
6. Conclusions
The aim of this study is to predict the hydrological components for three ungauged watersheds from two hydrological
models (GR2 M and WatBal model) based on their physical and climatic characteristics. The implementation of the two
hydrological models for the gauged watersheds shows their high ability in reproducing the observed monthly runoff in the
Sudanian zone of the Volta basin. The simulated runoff data for the reference watersheds are very close to the observations.
Thus, the gaps in time series of some stations in the Sudanian region of the Volta basin can be ﬁlled by the simulated data.
As result, the method developed here would help to get large time series and would facilitate an assessment of the water
ﬂows from watersheds. Furthermore, the calibrated models could be used to assess the future impacts of climate change on
the renewal and/or the availability of water resources in small Sudanian watersheds.
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